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(54) INFORMATION PROCESSING DEVICE AND INFORMATION PROCESSING METHOD

(57) The present technique relates to an information
processing apparatus and an information processing
method allowing variations of scenes of various events
to be realized in a simulator environment simulating the
real world.

A reward providing unit provides rewards to a first
agent and a second agent taking action in the simulator
environment and learning an action decision rule accord-
ing to the reward for the action. The first agent is provided
with the reward in accordance with a prescribed reward
definition. Furthermore, the second agent is provided

with the reward in accordance with an opposing reward
definition opposing the prescribed reward definition, the
opposing reward definition causing a resultant reward to
be increased in a case where the second agent acts to
bring about a situation where the reward for the first agent
is reduced and causing a resultant reward to be reduced
in a case where the second agent acts to increase the
reward for the first agent. The present technique is ap-
plicable, for example, to reinforcement learning of the
agents.
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Description

[Technical Field]

[0001] The present technique relates to an information processing apparatus and an information processing method,
and in particular, to an information processing apparatus and an information processing method allowing variations of
scenes of various events to be realized, for example, in a simulator environment simulating a real world.

[Background Art]

[0002] In a simulator environment simulating a real world, learning referred to as reinforcement learning is included
in a framework of machine learning in which an (artificial intelligence) agent acting in the simulator environment learns
an action decision rule to take a desired action according to a purpose and a situation.
[0003] In the reinforcement learning, the agent decides an action a in accordance with a learning model used as the
action decision rule, on the basis of a state s including observable observed values as components. The agent takes
the action a in accordance with the learning model and receives, for the action a, a reward r representing whether the
action a is suitable for achieving a desired purpose. The agent then uses the action a, the state s after taking of the
action a, and the reward r for the action a to update the learning model so as to increase the (sum of) reward(s) r to be
received in the future. The agent decides the action a in accordance with the updated learning model and subsequently
repeats a similar process.
[0004] The learning model used for the reinforcement learning is, for example, Deep Q Net (Network) (see, for example,
NPL 1).
[0005] In the reinforcement learning, the reward r is calculated in accordance with a predetermined reward definition.
The reward definition is a guideline for calculation of the reward, and is, for example, an equation such as a function
which allows the state s after the agent’s taking of the action a to be checked against a state expected for the agent by
a human being to quantitatively expressing whether the state s after the agent’s taking of the action a is good or bad.
[0006] In the reinforcement learning, a searching action is mixed into the action of the agent. In particular, in an initial
period of learning, a learning model used as the action decision rule is learned through random actions. During a process
in which the agent takes the searching action, when real hardware is used in the real world, a heavy burden is imposed
on the environment of the real world and on the hardware. That is, in the worst case, an object in the real world and the
hardware may collide against each other and be damaged.
[0007] Thus, a simulator environment simulating the real world is generated, and the reinforcement learning of the
agent is implemented by executing simulation in which a (virtual) agent is caused to act in the simulator environment.
[0008] After the learning of the agent in the simulator environment, the (learning model of) agent is applied to an actual
apparatus or the like to allow the apparatus or the like to take appropriate actions (perform appropriate operations) in
the real world.

[Citation List]

[Non Patent Literature]

[0009] [NPL 1]
Mnih, Volodymyr, et al. "Human-level control through deep reinforcement learning.", Nature 518.7540(2015): 529-533.

[Summary]

[Technical Problem]

[0010] In a case where, in the simulator environment, an agent A intended for learning is coexistent with an agent B
not intended for learning, the agent B is, for example, programmed to act in accordance with a predetermined rule.
[0011] In this case, the agent B is allowed to take only preliminarily assumed actions. As a result, variations of scenes
reproducible in the simulator environment are limited.
[0012] On the other hand, for learning of the agent A intended for learning, the capability of generating actions appro-
priate to exceptional events that rarely occur in the real world is often very important.
[0013] For example, in a case where the agent A is an agent used as a self-driving vehicle learning a vehicle control
rule and the agent B is an agent used as another vehicle such as a bicycle, a pedestrian, or the like, the action of the
agent B used as the bicycle, pedestrian, or the like is preprogrammed, for example, in accordance with a realistic,
standard physical model or action model.
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[0014] However, in a case where the action of the agent B is programmed, it is difficult to reproduce, in the simulator
environment, variations of scenes of various events that may occur exceptionally, such as an event where the pedestrian
runs into a street and an event where a vehicle travels a wrong way.
[0015] In view of these circumstances, an object of the present technique is to allow variations of scenes of various
events to be realized in a simulator environment simulating the real world.

[Solution to Problem]

[0016] An information processing apparatus of the present technique includes a simulator environment generating
unit generating a simulator environment simulating a real world, and a reward providing unit for a first agent and a second
agent taking action in the simulator environment and learning an action decision rule according to a reward for the action,
the reward providing unit providing the first agent with the reward in accordance with a prescribed reward definition and
providing the second agent with the reward in accordance with an opposing reward definition opposing the prescribed
reward definition, the opposing reward definition causing a resultant reward to be increased in a case where the second
agent acts to bring about a situation where the reward for the first agent is reduced and causing a resultant reward to
be reduced in a case where the second agent acts to increase the reward for the first agent.
[0017] An information processing method of the present technique includes generating a simulator environment sim-
ulating a real world, and for a first agent and a second agent taking action in the simulator environment and learning an
action decision rule according to a reward for the action, providing the first agent with the reward in accordance with a
prescribed reward definition and providing the second agent with the reward in accordance with an opposing reward
definition opposing the prescribed reward definition, the opposing reward definition causing a resultant reward to be
increased in a case where the second agent acts to bring about a situation where the reward for the first agent is reduced
and causing a resultant reward to be reduced in a case where the second agent acts to increase the reward for the first
agent.
[0018] In the information processing apparatus and information processing method of the present technique, the
reward is provided to the first agent and the second agent taking action in the simulator environment simulating the real
world and learning the action decision rule according to the reward for the action. The first agent is provided with the
reward in accordance with the prescribed reward definition. Furthermore, the second agent is provided with reward in
accordance with the opposing reward definition opposing the prescribed reward definition, the opposing reward definition
causing a resultant reward to be increased in the case where the second agent acts to bring about the situation where
the reward for the first agent is reduced and causing a resultant reward to be reduced in the case where the second
agent acts to increase the reward for the first agent.
[0019] The information processing apparatus may be an independent apparatus or an internal block included in one
apparatus.
[0020] Furthermore, the information processing apparatus can be implemented by causing a computer to execute a
program. Such a program can be provided by being transmitted via a transmission medium or being recorded in a
recording medium.

[Advantageous Effect of Invention]

[0021] In the present techniques, in the simulator environment simulating the real world, variations of scenes of various
events can be realized.
[0022] The effect described here is not necessarily limited but may be any one of the effects described in the present
disclosure.

[Brief Description of Drawings]

[0023]

FIG. 1 is a diagram illustrating an outline of reinforcement learning.
FIG. 2 is a block diagram illustrating an example of a functional configuration of an embodiment of a simulation
system to which the present technique is applied.
FIG. 3 is a block diagram illustrating an example of a functional configuration of an agent A.
FIG. 4 is a plan view schematically illustrating an example of a simulator environment generated by a simulator
environment generating unit 32.
FIG. 5 is a diagram illustrating examples of components of a state s of the agent A.
FIG. 6 is a diagram illustrating an example of an action a of the agent A.
FIG. 7 is a diagram illustrating an example of learning of a learning unit 65 of the agent A and an action decision by
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an action deciding unit 66.
FIG. 8 is a diagram illustrating an example of a reward definition for the agent A.
FIG. 9 is a diagram illustrating an example of the agent B.
FIG. 10 is a flowchart illustrating an example of a process of the agent A.
FIG. 11 is a flowchart illustrating an example of a process of a simulator environment providing unit 31.
FIG. 12 is a diagram schematically illustrating examples of change patterns of the reward for the agent A or B.
FIG. 13 is a diagram illustrating an example of display of a GUI displayed on a user I/F 40.
FIG. 14 is a flowchart illustrating an example of an alert issuing process for issuing an alert.
FIG. 15 is a flowchart illustrating an example of an alert issuing process for issuing an alert.
FIG. 16 is a block diagram illustrating an example of a configuration of an embodiment of a computer to which the
present technique is applied.

[Description of Embodiments]

<Outline of Reinforcement Learning>

[0024] FIG. 1 is a diagram illustrating an outline of reinforcement learning.
[0025] An agent 10 intended for learning is a virtual agent and includes an experiment DB (Database) 11, a learning
unit 12, and an action deciding unit 13.
[0026] The agent 10 is placed in a simulator environment simulating a real world.
[0027] In the agent 10, the action deciding unit 13 decides an action a in accordance with a learning model used as
an action decision rule π∗(a|s) on the basis of a state s including, as components, observed values observable by the
agent 10. The agent 10 takes, in the simulator environment, the action (hereinafter also referred to as the decided action)
a decided by the action deciding unit 13.
[0028] The action decision rule π∗(a|s) is, for example, a probability distribution of the action a for various states, and
an action a with the highest probability for the state s is decided as an action (decided action) to be taken by the agent 10.
[0029] The agent 10 receives from the simulator environment, for the action a, a reward r representing whether the
decided action a is suitable for achieving a desired purpose.
[0030] Moreover, in the agent 10, the learning unit 12 uses the (decided) action a, the state s after taking of the action
a, and the reward r for the action a to cause the agent 10 to learn the action decision rule π∗(a|s) (a learning model used
as the action decision rule π∗(a|s) so as to increase the (sum of) reward(s) r to be received in the future.
[0031] In the agent 10, the action deciding unit 13 decides the next action a in accordance with the learned action
decision rule π∗(a|s) on the basis of the state s after taking of the action a. A similar process is subsequently repeated.
[0032] The state s, the action a, and the reward r at a point in time t are respectively represented as a state st, an
action at, and a reward rt, and the experiment DB 11 stores a time series of the state s, the action a, and the reward r
(s1, a1, r1, s2, a2, r2, ··· sN, aN, rN, ···).
[0033] The learning unit 12 uses the time series of the state s, the action a, and the reward r stored in the experiment
DB 11 to learn an action decision rule π∗(a|s) maximizing an expected reward and defined by Equation (1).

In Equation (1), argmaxπ[x] represents one of action decision rules π that maximizes x, and E[x] represents an expected
value of x. ∑ represents summation with t varied from an initial value of 1 to ∞. γ is a parameter referred to as a discount
rate for which a value of more than or equal to 0 and less than 1 is adopted. R(st, at, st+1) represents, in the state s, a
scalar value corresponding to the reward r obtained when the state st+1 results from the taking of the action at by the
agent 10. s(1) represents the (initial value of) state at a point in time t = 1, and a(1) represents the (initial value of) action
at the point in time t = 1.
[0034] In Equation (1), E[∑γtR(st, at, st+1)|s1 = s(1), a1 = a(1)] represents an expected reward, that is, an expected
value of the sum ∑γtR(st, at, st+1) of the rewards r to be obtained in the future.
[0035] Consequently, according to Equation (1), π∗(a|s) is one of the action decision rules π that maximizes the expected
reward E[∑γtR(st, at, st+1)|s1 = s(1), a1 = a(1)].

<Embodiment of Simulation System to which Present Technique is Applied>

[0036] FIG. 2 is a block diagram illustrating an example of a functional configuration of an embodiment of a simulation
system to which the present technique is applied.
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[0037] In FIG. 2, the simulation system includes a simulator 30 and a user I/F (Interface) 40.
[0038] The simulator 30 includes a (virtual) agent A intended for learning (first agent) and a (virtual) agent B (second
agent) not intended for learning.
[0039] In FIG. 2, only one agent A is intended for learning. However, a plurality of agents may be intended for learning.
This also applies to the agent not intended for learning. That is, the simulator 30 may be provided with one or more
agents intended for learning and one or more agents not intended for learning.
[0040] The simulator 30 includes, besides the agents A and B, a simulator environment providing unit 31 and an
input/output control unit 36.
[0041] The simulator environment providing unit 31 includes a simulator environment generating unit 32, a reward
providing unit 33, and a learning status determining unit 34 to execute various processes related to provision of the
simulator environment.
[0042] The simulator environment generating unit 32 generates and provides the simulator environment. The agents
A and B act in the simulator environment provided by the simulator environment generating unit 32 and learn the action
decision rule through reinforcement learning.
[0043] The reward providing unit 33 observes the agents A and B and the simulator environment, and based on results
of the observation, calculates and provides the rewards r for the (actions a of) agents A and B.
[0044] The reward providing unit 33 calculates the reward r for the agent A in accordance with a prescribed reward
definition, and calculates the reward r for the agent B in accordance with an opposing reward definition opposing the
reward definition for the agent A.
[0045] The opposing reward definition opposing the reward definition for the agent A means a reward definition causing
a resultant reward to be increased in a case where the agent B acts to bring about a situation where the reward for the
agent A is reduced and causing a resultant reward to be reduced in a case where the agent B acts to increase the reward
for the agent A.
[0046] The reduced reward includes, besides a reward with a small, positive value, a reward with a zero or negative
value.
[0047] The learning status determining unit 34 determines learning statuses of learning (of the action decision rule
π∗(a|s)) by the agents A and B, for example, according to change patterns of the rewards for the agents A and B calculated
by the reward providing unit 33.
[0048] The input/output control unit 36 controls input and output of information to and from the user I/F 40.
[0049] The user I/F 40 includes devices such as a touch panel, a display, a speaker, a keyboard, a pointing device,
and a communication I/F which transmit and receive information to and from a user.
[0050] The input/output control unit 36 functions as a display control unit causing the touch panel and the display
included in the user I/F 40 to display an image such as a GUI (Graphical User Interface) and any other information.
[0051] Furthermore, the input/output control unit 36 functions as an output control unit causing a speaker included in
the user I/F 40 to output sound and any other acoustic information.
[0052] The input/output control unit 36 further functions as an accepting unit accepting inputs of operations, by the
user, of the touch panel, the keyboard, and the pointing device, used as the user I/F 40, the operable GUI, and the like.
[0053] The input/output control unit 36 also functions as an issuance control unit causing the user I/F 40 to issue an
alert according to the learning status of the agent A or B. That is, the input/output control unit 36 causes the touch panel,
the display, and the speaker, included in the user I/F 40, to output (display) a message used as an alert. The input/output
control unit 36 also, for example, causes the communication I/F, included in the user I/F 40, to transmit a mail or any
other message used as an alert.

<Example of Configuration of Agents A and B>

[0054] FIG. 3 is a block diagram illustrating an example of a functional configuration of the agent A in FIG. 2.
[0055] The agent B can also be configured similarly to the agent A in FIG. 3.
[0056] The agent A includes an action planning unit 61, a surrounding-environment information acquiring unit 62, a
data acquiring unit 63, a database 64, a learning unit 65, an action deciding unit 66, and an action control unit 67.
[0057] The action planning unit 61 executes, as action planning, for example, setting of a target route for the agent A.
The action planning unit 61 further sets points (hereinafter also referred to as waypoints), for example, at regular intervals
on the target route for the agent A.
[0058] The surrounding-environment information acquiring unit 62 acquires information regarding a surrounding en-
vironment of the agent A in the simulator environment (hereinafter also referred to as surrounding-environment infor-
mation).
[0059] That is, the surrounding-environment information acquiring unit 62 acquires, as surrounding-environment in-
formation, distance information obtained by a distance sensor such as LiDAR by sensing a distance to a certain object
present around the agent A in the simulator environment (distance information that could be obtained by sensing of the
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distance sensor in the real world).
[0060] The data acquiring unit 63 acquires an observed value observable by the agent A to determine, as the state
s, a vector including the observed value as a component. For example, the data acquiring unit 63 acquires the (coordinates
of) waypoints set by the action planning unit 61, the distance information acquired as the surrounding-environment
information by the surrounding-environment information acquiring unit 62, and the like and determines, as the state s,
a vector including the waypoints, the distance information, and the like as components.
[0061] The data acquiring unit 63 also acquires the action a determined by the action deciding unit 66 and the reward
r provided by the reward providing unit 33 (FIG. 2).
[0062] The data acquiring unit 63 feeds states s, actions a, and rewards r to the database 64 in a chronological order.
[0063] The database 64 stores the time series of the states s, the actions a, and the rewards r fed from the data
acquiring unit 63.
[0064] The learning unit 65 uses, as necessary, the states s, the actions a, and the rewards r stored in the database
64 to learn (update) a learning model used as the action decision rule π∗(a|s). For example, Deep Q Net can be adopted
as the learning model.
[0065] The action deciding unit 66 decides the action a in accordance with Deep Q Net having learned by the learning
unit 65, on the basis of the latest state s stored in the database 64. The action deciding unit 66 then feeds the (information
regarding) action a to the action control unit 67.
[0066] The action control unit 67 controls the agent A to cause the agent A to take the (decided) action a provided by
the action deciding unit 66.

<Example of Simulation Environment>

[0067] FIG. 4 is a plan view schematically illustrating an example of a simulator environment generated by the simulator
environment generating unit 32 (FIG. 2).
[0068] The simulator environment in FIG. 4 is an environment simulating a certain road traffic environment in the real
world.
[0069] In the description below, as the agent A, an agent of a car (self-driving vehicle) is used that is allowed to take
autonomous actions through learning. As the agent B, an agent of a human being or a bicycle is used that is coexistent
with the car in the real world. The following description is based on the assumption that such agents A and B are placed
in the simulator environment.

<Example of Components of State s of Agent A>

[0070] FIG. 5 is a diagram illustrating examples of components of the state s of the agent A.
[0071] As a component of the state s of the agent A, the distance information can be adopted that is obtained by the
distance sensor such as LiDAR by sensing the distance to a certain object present around the agent A in the simulator
environment (distance information that could be obtained by sensing of the distance sensor in the real world).
[0072] The distance information can be obtained in a plurality of directions around the agent A. As a component of
the state s of the agent A, a direction in which the distance information is obtained can be adopted (direction in the
distance information).
[0073] Furthermore, as a component of the state s of the agent A, relative coordinates (Δx, Δy) of a plurality of waypoints
located close to the agent A on the target route, with the position of the agent A used as a reference for the relative
coordinates, can be adopted.
[0074] Moreover, as a component of the state s of the agent A, a speed of the agent A can be adopted.
[0075] As the state s of the agent A, a vector with a plurality of dimensions such as 810 dimensions can be adopted,
the vector including, as components, the distance information regarding directions in a plurality of frames, the directions
in the distance information, the relative coordinates (Δx, Δy) of a plurality of waypoints, and the speed of the agent A.

<Example of Action of Agent A>

[0076] FIG. 6 is a diagram illustrating an example of the action a of the agent A.
[0077] The action a of the agent A, corresponding to a car agent (agent simulating a car), is intended for, for example,
as illustrated at A in FIG. 6, a steering wheel, an accelerator pedal, a brake pedal, and the like which are operated when
the car is steered.
[0078] Here, for easier description, the steering wheel and the accelerator pedal are adopted as targets of the action
a of the agent A. Moreover, as the action a of the agent a, moving the steering wheel at a prescribed angular acceleration
and moving the accelerator pedal at a prescribed acceleration are adopted. Furthermore, for the angular acceleration
of the steering wheel, three angular accelerations of -α, 0, and +α are adopted; the positive value is indicative of a
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clockwise direction. For the acceleration of the accelerator pedal, -α, 0, and +β are adopted; the positive value is indicative
of a direction in which the accelerator pedal is stepped on.
[0079] In this case, the action a of the agent A includes nine types of combinations of actions corresponding to three
angular accelerations of the steering wheel, -α, 0, and +α, with the three accelerations of the accelerator pedal, -β, 0,
and +β.
[0080] The nine types of the action a are represented by the symbol a = 1, 2, ···, 9.

<Example of Learning of Agent A and Action Decision>

[0081] FIG. 7 is a diagram illustrating an example of learning in the learning unit 65 of the agent A and an example of
action decision in the action deciding unit 66.
[0082] The learning unit 65 executes, for example, learning of the Deep Q Net (deep reinforcement learning) as learning
of the action decision rule π∗(a|s) maximizing the expected reward.
[0083] In the present embodiment, Deep Q Net uses, as the state s, a vector with a plurality of dimensions such as
810 dimensions which includes, as components, the distance information regarding the directions in a plurality of frames,
the directions in the distance information, the relative coordinates (Δx, Δy) of a plurality of waypoints, and the speed of
the agent A, and with respect to an input of the state s, outputs function values of value functions Q(s, 1), Q(s, 2), ···,
Q(s, 9) for the action a with the nine symbols a = 1, 2, ···, 9, respectively.
[0084] In the learning in the learning unit 65, the value function Q(s, a) is updated according to the reward r obtained
when the agent A takes a certain action a in a certain state s. For example, the value function Q(s, a) is updated such
that the function value increases consistently with reward r.
[0085] The action deciding unit 66 decides the action a in accordance with the learned (updated) Deep Q Net on the
basis of the state s.
[0086] That is, the action deciding unit 66 inputs the state s to the Deep Q Net, and decides the action a = f(s) =
argmaxaQ(s, a) to be the decided action; the action a = f(s) = argmaxaQ(s, a) corresponds to a value function Q(s, a)
with the largest of the function values of the value functions Q(s, 1), Q(s, 2), ···, Q(s, 9) for the actions with the nine
symbols a = 1, 2, ···, 9, respectively, obtained from the input.

<Example of Reward Definition for Agent A>

[0087] FIG. 8 is a diagram illustrating an example of a reward definition for the agent A, that is, a reward definition
used to calculate the reward r for the agent A.
[0088] The reward definition for the agent A can be represented using, as variables serving as indicators for safe
driving, for example, a variable R1 representing "not collide," a variable R2 representing traveling at an "appropriate car
speed along a route," and a variable R3 representing a "follow route" (not travel off the route).
[0089] As the variable R1, for example, 1 is adopted in a case where a collision occurs and 0 is adopted in a case
where no collision occurs. As the variable R2, for example, the inner product of a speed vector v1 representing the speed
of the agent A and a vector v2 connecting two waypoints nearest to the agent A is adopted. As the variable R3, for
example, a distance between the agent A and one waypoint nearest to the agent A is adopted. The variables R1 to R3
can be measures on which calculation of the reward is based.
[0090] In this case, the reward definition for the agent A can be represented, for example, by Equation (2) using ω1,
ω2, and ω3 as weights.

[0091] As the weights ω1, ω2, and ω3, for example, ω1 = -20000, ω2 = 300, and ω3 = -500 can be adopted.
[0092] According to the reward definition in Equation (2), setting of the weights ω1, ω2, and ω3 allows adjustment of
which of R1 to R3 is focused on in the reward setting.
[0093] For example, in a case where the weight ω1 is set to a negative, large value, a reward r with a negative, large
value is calculated when the agent A collides, in the simulator environment, against a wall, a human being, or a vehicle
other than the agent A. Furthermore, for example, in a case where the weight ω2 is set to a large value, a reward r with
a positive, large value is calculated when the agent A travels at the appropriate car speed along the target route.

<Agent B>

[0094] FIG. 9 is a diagram illustrating an example of the agent B.
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[0095] As the agent B, for example, a human being (pedestrian) agent can be adopted. The agent B is configured, for
example, to learn to move to a target point provided as a target (action) and to be able to take an action of moving at a
speed within a range determined according to a position vector from the current point to the target point.
[0096] Moreover, the agent B is, as illustrated in FIG. 9, assumed to be able to observe the speed vector v1 and the
relative position (coordinates), with reference to the agent B, of the agent A located at a given distance from (located
nearest to) the agent B.
[0097] Furthermore, for the agent B, the Deep Q Net is adopted as a learning model as for the agent A. As the state
s of the agent B, a vector can be adopted that includes, as components, the relative position of the above-described
agent A and the speed vector v1.
[0098] As described for FIG. 2, the reward providing unit 33 calculates the reward r for the agent B in accordance with
the opposing reward definition opposing the reward definition for the agent A.
[0099] As the opposing reward definition opposing the reward definition for the agent A described for FIG. 8, a reward
definition is adopted by which a positive reward is calculated for an action of the agent B running into a course of the
agent A and colliding against the agent A.
[0100] Specifically, as the opposing reward definition, a reward definition can be adopted by which the calculated
positive value increases with decreasing relative distance to a predicted position pp located N steps (points in time)
ahead of the agent A with reference to the position of the agent B.
[0101] Furthermore, for example, as the opposing reward definition, a reward definition can be adopted by which a
positive reward is calculated in a case where the reward for the agent A is negative and in a case where the agent A
collides against the agent B.
[0102] Besides the above-described opposing reward definition, the reward definition for the agent B includes a reward
definition that adopts, as an indicator related to the appropriate action of the agent B, for example, "convergence of an
average moving speed to the vicinity of a given value (for example, an average walking speed of a human being in a
real environment)" and by which a positive reward is calculated in a case where the indicator is achieved.
[0103] Variables of a numerical value representing the indicator of the reward for the agent B are represented as U1,
U2, U3, ···, and the weights are represented as V1, V2, V3, ···. As the reward definition for the agent B, for example, a
reward definition by which the reward r is calculated in accordance with Equation (3) is adopted.

<Example of Processes of Agents A and B>

[0104] FIG. 10 is a flowchart illustrating an example of a process of the agent A in FIG. 3.
[0105] In step S11, the data acquiring unit 63 of the agent A acquires and stores the latest state s, the reward r, and
the action a in the database 64. The process proceeds to step S12.
[0106] In step S12, the learning unit 65 uses the state s, the action a, and the reward r stored in the database 64 to
execute learning of the Deep Q Net used as a learning model (update the Deep Q Net). The process proceeds to step S13.
[0107] In step S13, the action deciding unit 66 decides the action a in accordance with the Deep Q Net learned by the
learning unit 65, on the basis of the latest state s stored in the database 64. The process proceeds to step S14.
[0108] In step S14, the action control unit 67 controls the agent A to cause the agent A to take the (decided) action a
provided by the action deciding unit 66. The process returns from step S14 to step S11, and a similar process is repeated.
[0109] The agent B executes a process similar to the process of the agent A.

<Example of Process of Simulator Environment Providing Unit 31>

[0110] FIG. 11 is a flowchart illustrating an example of a process of the simulator environment providing unit 31 in FIG. 2.
[0111] In step S21, the simulator environment providing unit 32 generates a simulator environment. The process
proceeds to step S22. The agents A and B, executing the process in FIG. 10, are placed in the simulator environment
generated by the simulator environment generating unit 32.
[0112] In step S22, the reward providing unit 33 observes the agents A and B and the simulator environment, and on
the basis of results of the observation, calculates the reward r for the (action a of) agent A in accordance with the reward
definition for the agent A described for FIG. 8.
[0113] Moreover, the reward providing unit 33 calculates the reward r for the (action a of) agent B in accordance with
the reward definition for the agent B described for FIG. 9, that is, the opposing reward definition opposing the reward
definition for the agent A, on the basis of the results of the observation of the agents A and B and the simulator environment.
[0114] The reward providing unit 33 then provides the agent A with the reward r for the agent A, and provides the
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agent B with the reward r for the agent B. The process returns from step S23 to step S22, and a similar process is repeated.
[0115] As described above, the reward providing unit 33 provides the agent A with the reward based on the prescribed
reward definition and provides the agent B with the reward based on the opposing reward definition opposing the reward
definition for the agent A. Thus, the agent B acts to bring about the worst case or various exceptionally possible events
(for example, running of a bicycle, a human being, or the like into the route). As a result, variations of scenes of various
events can be realized in the simulator environment.
[0116] Moreover, the agent A, corresponding to an agent of a vehicle, executes learning in the simulator environment
in which variation of scenes of various events are realized. This allows the agent A to acquire the action decision rule
causing the agent A to take robust, appropriate actions for various events including exceptional events. The action
decision rule is applied to vehicle control to allow self-driving to be achieved.
[0117] The following process is also possible. The agents A and B execute learning in the simulator environment
generated by the simulator environment generating unit 32. Then, an agent C having learned self-driving in another
simulator environment is introduced, along with the agent B having finished learning, into the simulator environment
generated by the simulator environment generating unit 32. This allows quantitative measurement of the degree to which
the agent C is applied to the environment, that is, for example, the appropriateness of learning of self-driving by the agent C.

<Change Patterns of Reward r>

[0118] FIG. 12 is a diagram schematically illustrating examples of change patterns of the reward for the agent A or B.
[0119] In FIG. 12, the abscissa axis indicates the number of steps (time), and the ordinate axis indicates the reward.
[0120] When the agents A and B execute learning in a simulator environment simulating a road traffic environment,
the agent B initially takes random actions. However, as the learning progresses appropriately, the agent B gradually
starts taking such an action as approaches and collides against the agent A.
[0121] On the other hand, the agent A also initially takes random actions (motions). However, as the learning progresses
appropriately, the agent A gradually starts taking such an action as avoids colliding against a wall and the like along the
target route and avoiding running of the agent B into the route.
[0122] The agent B receives the reward based on the opposing reward definition opposing the reward definition for
the agent A and can thus bring about, in the simulator environment, exceptional events that rarely occur in the real world
(for example, running of a human being, a bicycle, or the like into the route). The agent A can learn appropriate actions
(for example, avoidance of a collision against the agent B) to take when encountering such exceptional events.
[0123] The actions taken by the agents A and B as a result of the learning change, for example, according to settings
of learning conditions such as the values of the weights ωi and Vi, which define Equation (2) and Equation (3), used as
the reward definitions for the agents A and B.
[0124] The learning may fail depending on the settings of the learning conditions. Thus, for example, the learning
conditions such as the values of the weights ωi and Vi are appropriately adjusted at appropriate timings during the
learning, enabling the learning to progress appropriately. The adjustment of the learning conditions as described above
is referred to as learning difficulty level adjustment. The learning executed with the learning conditions appropriately
adjusted is referred to as curriculum learning.
[0125] In the curriculum learning, for example, the learning conditions are set, at the beginning of the learning, to
execute learning of an action of achieving an easy goal, and as the learning progresses, to execute learning of an action
of achieving a difficult goal.
[0126] Specifically, at the beginning of the learning, for example, adjustment can be made to fix, to 0, the weights ω1
and ω2, included in the weight ωi in Equation (2), used as a learning condition. In a case where the learning progresses
somewhat appropriately, adjustment can be made to fix, to 0, only the weight ω1, included in the weight ωi in Equation
(2), used as a learning condition. In a case where the learning further progresses appropriately, the fixation of the weight
ω1 in Equation (2), used as a learning condition, can be cleared, and the learning can be executed with none of the
weights ω 1 to ω 3 fixed.
[0127] The following are also possible: an adjustment gradually increasing the number of agents B, used as a learning
condition, according to the progress of the learning, an adjustment gradually increasing the speed of the agent B, used
as a learning condition, according to the progress of the learning, an adjustment gradually increasing the number of
agents B with different speeds, used as a learning condition according to the progress of the learning, and the like.
[0128] The adjustment (setting) of the learning conditions can be executed according to operation of an operator of
the simulation system in FIG. 2 to allow the learning to progress strategically.
[0129] For example, the (values of) weights ωi and Vi, used as learning conditions, can be adjusted by the user by
operating the user I/F 40 (FIG. 1).
[0130] That is, the input/output control unit 36 can cause the user I/F 40 to display a GUI for adjustment of the weights
ωi and Vi. Moreover, the input/output control unit 36 can accept operation, by the operator, of the GUI displayed on the
user I/F 40. The reward providing unit 33 can adjust the weights ωi and Vi, used as parameters for the reward, according
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to the operation of the GUI accepted by the input/output control unit 36.
[0131] During the period of the learning of the agents A and B, the learning status determining unit 34 (FIG. 2) can
record a log of the rewards provided to the respective agents A and B.
[0132] In a case where a plurality of agents A are introduced, individual logs of the rewards provided to the respective
agents A may be recorded, or the average value of the rewards provided to the respective agents A may be recorded.
This also applies to the agent B.
[0133] The input/output control unit 36 can use the logs of the rewards to display, on the user I/F 40, a graph plotting
the rewards provided to the agents A and B in a chronological order (hereinafter referred to as a reward graph).
[0134] The operator can visually check, for a learning status (the degree of progress of the learning and the like), the
reward graph displayed on the user I/F 40, and, on the basis of the learning status, determine a timing to adjust the
parameters for the reward (here, the weights ωi and Vi).
[0135] In terms of usability, the operator continuing to visually check the reward graph for the learning status is a
burden on the operator.
[0136] Thus, the learning status determining unit 34 can determine the learning status on the basis of the reward
graph, and the input/output control unit 36 can control, according to the learning status, issuance of an alert prompting
adjustment of the parameter for the reward.
[0137] The alert can be issued by, for example, displaying, in a popup window on the user I/F 40, a message prompting
adjustment of the parameter for the reward, transmitting the message by mail, or acoustically outputting the message.
[0138] FIG. 12 illustrates an example of the reward graph of the reward for the agent A or B.
[0139] The reward graph in FIG. 12 illustrates a time series of the moving average value of the reward for the agent A or B.
[0140] In a case where the learning of the agent A or B progresses appropriately, the change pattern of the reward
graph is a pattern p1 with a continued increase as illustrated at A in FIG. 12. Accordingly, in a case where the change
pattern of the reward graph is the pattern p1, regarding the learning status, the learning can be determined to have a
status indicating that the learning progresses steadily to appropriately improve the action of the agent A or B.
[0141] In a case where the learning of the agent A or B converges, the change pattern of the reward graph is a pattern
p2 with a convergence for a given period of time or longer following an increase (a change width has been kept within
a range between prescribed thresholds) as illustrated at B in FIG. 12. Accordingly, in a case where the change pattern
of the reward graph is the pattern p2, regarding the learning status, the learning can be determined to have a status
indicating that the learning has been successful under the current learning conditions (task difficulty level).
[0142] In a case where the learning of the agent A or B does not progress appropriately (the learning has failed), the
change pattern of the reward graph is a pattern p3 with substantially no change for a given period of time or longer with
respect to the reward obtained at the beginning of the learning (or after the adjustment of the parameter for the reward)
as illustrated at C in FIG. 12. Accordingly, in a case where the change pattern of the reward graph is the pattern p3,
regarding the learning status, the learning can be determined to have a status indicating that the learning has failed.
[0143] In a case where the learning of the agent A or B progresses appropriately, besides a continued increase as
illustrated at A in FIG. 12, the reward graph may indicate, for example, an increase followed by a temporary decrease
or substantially no change, followed by restart of an increase as illustrated at D in FIG. 12.
[0144] The change pattern of the reward graph at D in FIG. 12, indicating an increase followed by a temporary decrease
or substantially no change, followed by restart of an increase, fails to match the pattern p1 with a continued increase at
A in FIG. 12. However, the change pattern of the reward graph at D in FIG. 12 matches the pattern p1 in that the pattern
appears in a case where the learning progresses appropriately and that the pattern finally indicates an increase. The
change pattern of the reward graph at D in FIG. 12 is thus classified as the pattern p1.
[0145] The learning status determining unit 34 determines the change pattern of the reward graph and thus the learning
status to output a determination result for the change pattern of the reward graph as a determination result for the learning
status.
[0146] The input/output control unit 36 causes the user I/F 40 to issue the alert prompting adjustment of the parameter
for the reward according to the (determination result for) the change pattern of the reward graph provided as the deter-
mination result for the learning status by the learning status determining unit 34.
[0147] For example, in a case where the learning status determining unit 34 determines the change pattern of the
reward graph to be the pattern p1 at A or D in FIG. 12, the learning has progressed steadily, and thus the input/output
control unit 36 refrains from causing the issuance of the alert. Moreover, the simulator environment providing unit 31
causes the agents A and B to continue the learning without any change.
[0148] Furthermore, for example, in a case where the learning status determining unit 34 determines the change
pattern of the reward graph to be the pattern p2 at B in FIG. 12, the learning has succeeded under the current learning
conditions and converged. Thus, the input/output control unit 36 issues an alert by causing the user I/F 40 to display a
message indicating the success and the convergence, "Learning has converged. Resetting of weight parameters is
required." Moreover, the simulator environment providing unit 31 causes the agents A and B to suspend the learning.
[0149] The operator receives the message used as an alert, "Learning has converged. Resetting of weight parameters
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is required," and operates the GUI to adjust the parameters for the reward and reset the other learning conditions. The
operator further operates the GUI to instruct restart of the learning to allow the agents A and B to restart the learning.
[0150] Alternatively, the operator receives the message used as an alert, "Learning has converged. Resetting of weight
parameters is required," and determines that the agent A and B have executed sufficient learning. The operator thus
operates the GUI to allow learning of the agent A and B to be ended.
[0151] Furthermore, for example, in a case where the learning status determining unit 34 determines that the change
pattern of the reward graph to be the pattern p3 at C in FIG. 12, the learning under the current learning conditions has
failed, and the input/output control unit 36 issues an alert by causing the user I/F 40 to display a message indicating the
failure, "Learning has failed. Resetting of weight parameters is required." Moreover, the simulator environment providing
unit 31 causes the agents A and B to suspend the learning.
[0152] The operator receives the message used as an alert, "Learning has failed. Resetting of weight parameters is
required," and operates the GUI to adjust the parameter for the reward and reset the other learning conditions. The
operator further operates the GUI to instruct restart of the learning to allow the agents A and B to restart the learning.
[0153] In a case of a failure in learning, when the learning is restarted with learning results for the period of the failed
learning (hereinafter also referred to as failure results) taken over, the failure results may affect the learning following
the restart. Thus, in a case of a failure in learning, the agents A and B can take over the latest learning results obtained
at the time of convergence of the learning (take over predetermined initial values or the like in a case where the learning
has not converged) and restart the learning. Past learning results for the agents A and B can be managed and stored
by the agents A and B or by the simulator environment providing unit 31.

<Display Example of GUI>

[0154] FIG. 13 is a diagram illustrating a display example of the GUI displayed on the user I/F 40.
[0155] In FIG. 13, an simulator environment, sliders 81 and 82, and a message used as an alert (hereinafter also
referred to as an alert message) are displayed as the GUI.
[0156] The slider 81 is operated to adjust the weight ωi, used as a parameter for the reward for the agent A. The slider
82 is operated to adjust the weight Vi, used as a parameter for the reward for the agent B.
[0157] A in FIG. 13 illustrates a display example of the GUI displayed in a case where the change pattern of the reward
graph of the agent A is the pattern p3 at C in FIG. 12.
[0158] In the case where the change pattern of the reward graph of the agent A is the pattern p3, the learning of the
agent A under the current learning conditions has failed. Thus, an alert message at A in FIG. 13 is "Learning of agent
A has failed. Reset weight parameter," indicating that the learning of the agent A has failed and prompting adjustment
of the parameter (weight ωi) for the agent A.
[0159] At A in FIG. 13, to prompt adjustment of only the parameter for the reward for the agent A, the sliders 81 and
82 are set such that the slider 81 for the agent A (slider for adjusting the parameters for the reward for the agent A) is
in an enabled state where the slider 81 can be operated, whereas the slider 82 for the agent B is in a disabled state
where the slider 82 is prevented from being operated.
[0160] In this case, the operator is prevented from inadvertently operating the slider 82 for the agent B when the
learning of the agent B has been progressing appropriately instead of having failed. Moreover, the operator can easily
recognize that the slider 81 for the agent A is to be operated.
[0161] B in FIG. 13 illustrates a display example of the GUI displayed in a case where the change patterns of the
reward graphs of the agents A and B are both the pattern p2 at B in FIG. 12.
[0162] In the case where the change patterns of the reward graphs of the agents A and B are both the pattern p2,
since the learning of both the agents A and B has succeeded, an alert message at B in FIG. 13 is "Learning has converged.
Reset weight parameters," indicating that the learning of both the agents A and B has succeeded and prompting adjust-
ment of the parameters (weights ωi and Vi) for the agents A and B.
[0163] Furthermore, at B in FIG. 13, both the slider 81 for the agent A and the slider 82 for the agent B are in the
enabled state where the sliders can be operated.
[0164] Accordingly, the operator can easily recognize that the slider 81 for the agent A and the slider 82 for the agent
B are to be operated.
[0165] C in FIG. 13 illustrates a display example of the GUI displayed in a case where the change pattern of the reward
graph of the agent B is the pattern p3 at C in FIG. 12.
[0166] In the case where the change pattern of the reward graph of the agent B is the pattern p3, the learning of the
agent B has failed under the current learning conditions, and an alert message at C in FIG. 13 is "Learning of agent B
has failed. Reset weight parameter," indicating that the learning of the agent B has failed and prompting adjustment of
the parameter (weight Vi) for the reward for the agent B.
[0167] At C in FIG. 13, to prompt adjustment of only the parameter for the reward for the agent B, the sliders 81 and
82 are set such that the slider 82 for the agent B is in the enabled state where the slider 82 can be operated, whereas
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the slider 81 for the agent A is in the disabled state where the slider 81 is prevented from being operated.
[0168] In this case, the operator is prevented from inadvertently operating the slider 81 for the agent A when the
learning of the agent A has been progressing appropriately instead of having failed. The operator can further easily
recognize that the slider 82 for the agent B is to be operated.
[0169] In FIG. 13, in a case where the change patterns of the reward graphs of the agents A and B are both the pattern
p2 and the learning of both the agents A and B has succeeded, the alert is issued that displays the alert message such
as "Learning has converged. Reset weight parameters," indicating, for example, the success of the learning (hereinafter
also referred to as the success message) as illustrated at B in FIG. 13. However, the alert including the display of the
success message can be individually issued for each of the agents A and B.
[0170] That is, for example, in a case where the change pattern of the reward graph of the agent A is the pattern p2
and the learning of the agent A has succeeded, an alert can be issued that displays the success message indicating,
for example, the success of the learning of the agent A, regardless of the learning status of the agent B.
[0171] In this case, as is the case with A in FIG. 13, the sliders 81 and 82 are set such that the slider 81 for the agent
A is in the enabled state, whereas the slider 82 for the agent B is in the disabled state.
[0172] Furthermore, for example, in a case where the change pattern of the reward graph of the agent B is the pattern
p2 and the learning of the agent B has succeeded, an alert can be issued that displays the success message indicating,
for example, the success of the learning of the agent B, regardless of the learning status of the agent A.
[0173] In this case, as is the case with C in FIG. 13, the sliders 81 and 82 are set such that the slider 82 for the agent
B is in the enabled state, whereas the slider 81 for the agent A is in the disabled state.
[0174] <Alert Issuing Process>
[0175] FIG. 14 is a flowchart illustrating an example of an alert issuing process for issuing an alert as described for
FIG. 12 and FIG. 13.
[0176] FIG. 15 is a flowchart continued from FIG. 14.
[0177] In the alert issuing process, in step S41, the learning status determining unit 34 acquires the reward graphs of
the agents A and B for a latest prescribed period. The process proceeds to step S42.
[0178] In step S42, the learning status determining unit 34 determines the learning status of the agent A on the basis
of the change pattern of the reward graph of the agent A. That is, in step S42, the learning status determining unit 34
determines whether the change pattern of the reward graph of the agent A is the pattern p3 at C in FIG. 12.
[0179] In step S42, in a case where the change pattern of the reward graph of the agent A is determined not to be the
pattern p3, the process skips steps S43 to S46 to proceed to step S47.
[0180] Furthermore, in a case where the change pattern of the reward graph of the agent A is determined to be the
pattern p3 in step S42, the agent A suspends the learning, and the process proceeds to step S43.
[0181] In step S43, the input/output control unit 36 sets, in a variable text used as an alert message, the message
"Learning of agent A has failed. Reset weight parameter," indicating that the learning of the agent A has failed and
prompting adjustment of the parameter (weight ωi) for the reward for the agent A.
[0182] Moreover, in step S43, the input/output control unit 36 causes the user I/F 40 to display the message set in the
variable text used as an alert message, to issue the alert. The process proceeds to step S44.
[0183] In step S44, the input/output control unit 36 initializes activation of all the sliders 81 and 82 to the disabled state
to set the sliders 81 and 82 to an operation disabled state. The process proceeds to step S45.
[0184] In step S45, the input/output control unit 36 sets the activation of the slider 81 for the agent A to the enabled
state to set an operation enabled state. The process proceeds to step S45.
[0185] As described above, the display at A in FIG. 13 is provided, allowing the user to recognize that the learning of
the agent A has failed and that the parameter for the reward for the agent A needs to be adjusted. The user can further
operate the slider 81 for the agent A to adjust the parameter for the reward for the agent A.
[0186] In step S46, the input/output control unit 36 determines whether the user I/F 40 has been operated to restart
the learning. In a case where the user I/F 40 is determined not to have been operated to restart the learning, the process
returns to step S46.
[0187] Furthermore, in step S46, in a case where the user I/F 40 is determined to have been operated to restart the
learning, the agent A restarts the learning, and the process proceeds to step S47.
[0188] In step S47, the learning status determining unit 34 determines the learning status of the agent B on the basis
of the change pattern of the reward graph of the agent B. That is, in step S47, the learning status determining unit 34
determines whether the change pattern of the reward graph of the agent B is the pattern p3 at C in FIG. 12.
[0189] In step S47, in a case where the change pattern of the reward graph of the agent B is determined not to be the
pattern p3, the process skips steps S48 to S51 to proceed to step S61 in FIG. 15.
[0190] Furthermore, in step S47, in a case where the change pattern of the reward graph of the agent B is determined
to be the pattern p3, the agent B suspends the learning, and the process proceeds to step S48.
[0191] In step S48, the input/output control unit 36 sets, in a variable text used as an alert message, the message
"Learning of agent B has failed. Reset weight parameter," indicating that the learning of the agent B has failed and
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prompting adjustment of the parameter (weight ωi) for the reward for the agent B.
[0192] Moreover, in step S48, the input/output control unit 36 causes the user I/F 40 to display the message set in the
variable text used as an alert message, to issue the alert. The process proceeds to step S49.
[0193] In step S49, the input/output control unit 36 initializes activation of all the sliders 81 and 82 to the disabled state
to set the sliders 81 and 82 to the operation disabled state. The process proceeds to step S50.
[0194] In step S50, the input/output control unit 36 sets the activation of the slider 81 for the agent B to the enabled
state to set the operation enabled state. The process proceeds to step S50.
[0195] As described above, the display at C in FIG. 13 is provided, allowing the user to recognize that the learning of
the agent B has failed and that the parameter for the reward for the agent B needs to be adjusted. The user can further
operate the slider 82 for the agent B to adjust the parameter for the reward for the agent B.
[0196] In step S51, the input/output control unit 36 determines whether the user I/F 40 has been operated to restart
the learning. In a case where the user I/F 40 is determined not to have been operated to restart the learning, the process
returns to step S51.
[0197] Furthermore, in step S51, in a case where the user I/F 40 is determined to have been operated to restart the
learning, the agent B restarts the learning, and the process proceeds to step S61 in FIG. 15.
[0198] In step S61 in FIG. 15, the learning status determining unit 34 determines the learning statuses of the agents
A and B on the basis of the change patterns of the reward graphs of the agents A and B. That is, in step S42, the learning
status determining unit 34 determines whether the change patterns of the reward graphs of the agents A and B are both
the pattern p2 at B in FIG. 12.
[0199] In step S61, in a case where one of the change patterns of the reward graphs of the agents A and B is determined
not to be the pattern p2 or neither of the change patterns is determined to the pattern p2, the process returns to step
S41 in FIG. 14.
[0200] Furthermore, in step S61, in a case where the change patterns of the reward graphs of the agents A and B are
determined to be both the pattern p2, the agents A and B suspend the learning, and the process proceeds to step S62.
[0201] In step S62, the input/output control unit 36 sets, in the variable text used as an alert message, the message
"Learning has converged. Reset weight parameters," indicating that the learning of both the agents A and B has succeeded
and prompting adjustment of the parameters (weights ωi and Vi) for the rewards for the agents A and B.
[0202] Moreover, in step S62, the input/output control unit 36 causes the user I/F 40 to display the message set in the
variable text used as an alert message, to issue the alert. The process proceeds to step S63.
[0203] In step S63, the input/output control unit 36 initializes activation of all the sliders 81 and 82 to the enabled state
to set the sliders 81 and 82 to the operation enabled state. The process proceeds to step S64.
[0204] As described above, the display at B in FIG. 13 is provided, allowing the user to recognize that the learning of
the agents A and B has converged and that the parameters for the rewards for the agents A and B can adjusted as
needed. The user can further operate the slider 81 for the agent A to adjust the parameter for the reward for the agent
A, while operating the slider 82 for the agent B to adjust the parameter for the reward for the agent B.
[0205] In step S64, the input/output control unit 36 determines whether the user I/F 40 has been operated to restart
the learning. In a case where the user I/F 40 is determined not to have been operated to restart the learning, the process
returns to step S64.
[0206] Furthermore, in step S64, in a case where the user I/F 40 is determined to have been operated to restart the
learning, the agents A and B restart the learning. The process returns from step S64 to step S41 in FIG. 14, and a similar
process is repeated.
[0207] In the description of the present embodiment, the agent of a self-driving vehicle is adopted as the agent A, the
agent of another vehicle such as a bicycle, a human being, or the like is adopted as the agent B, and the present
technique is applied to the field of self-driving involving learning of the action decision rule for self-driving. However, the
present technique is also applicable to learning of action decision rules in various fields other than the field of self-driving.
[0208] That is, the present technique is applicable to the fields of vaccine development, improvement in farm produce
varieties, and the like.
[0209] For example, in the field of vaccine development, an agent of a vaccine is adopted as the agent A, and an
agent of a virus is adopted as the agent B. This allows learning of an action decision rule for a vaccine effective against
the virus.
[0210] Furthermore, for example, in the field of improvement in farm produce varieties, an agent of a certain species
(new species) of farm produce is adopted as the agent A, and an agent of a pest is adopted as the agent B. This allows
learning of an action decision rule for a specifies resistant to the pest.

<Description of Computer to which Present Technique is Applied>

[0211] Next, the above-described series of processes can be executed by hardware or by software. In a case where
the series of processes is executed by software, a program included in the software is installed in a general-purpose
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computer or the like.
[0212] FIG. 16 is block diagram illustrating an example of a configuration of an embodiment of a computer in which a
program executing the above-described series of processes is installed.
[0213] The program can be pre-recorded in a hard disk 105 or a ROM 103 used as a recording medium built into the
computer.
[0214] Alternatively, the program can be stored (recorded) in a removable recording medium 111. Such a removable
recording medium 111 can be provided as what is called package software. Here, the removable recording medium 111
is, for example, a flexible disk, a CD-ROM (Compact Disc Read Only Memory), an MO (Magneto Optical) disk, a DVD
(Digital Versatile Disc), a magnetic disk, and a semiconductor memory.
[0215] The program can be installed into the computer from the removable recording medium 111 as described above
or downloaded into the computer via a communication network or a broadcasting network and installed into the built-in
hard disk 105. That is, the program can be, for example, transferred by radio from a download site to the computer via
an artificial satellite for digital satellite broadcasting or transferred by wire to the computer via a network such as LAN
(Local Area Network) and the Internet.
[0216] The computer includes a built-in CPU (Central Processing Unit) 102, and the CPU 102 connects to an input/out-
put interface 110 via a bus 101.
[0217] When receiving, via the input/output interface 110, an instruction given by the user by, for example, operation
of the input unit 107, the CPU 102 executes, in accordance with the instruction, the program stored in a ROM (Read
Only Memory) 103. Alternatively, the CPU 102 loads the program stored in the hard disk 105 into a RAM (Random
Access Memory) 104 and executes the program in the RAM 104.
[0218] The CPU 102 thus executes the process in accordance with the above-described flowcharts or executes the
process using the configurations in the above-described block diagrams. The CPU 102 causes, as necessary, process
results to be output from an output unit 106 via the input/output interface 110 or transmitted from a communication unit
108 and further, for example, recorded in the hard disk 105.
[0219] The input unit 107 includes a keyboard, a mouse, a microphone, or the like. The output unit 106 includes an
LCD (Liquid Crystal Display), a speaker, or the like.
[0220] Here, in the present specification, the process executed by the computer in accordance with the program need
not necessarily be executed in a chronological order in the order described in the flowcharts. That is, the process executed
by the computer in accordance with the program includes processes executed in parallel or discretely (for example,
parallel processing or object-based processing).
[0221] Furthermore, the program may be processed by one computer (processor) or processed in a distributed manner
by a plurality of computers. Moreover, the program may be transferred to a remote computer for execution.
[0222] Moreover, in the present specification, the system means a set of a plurality of components (apparatuses,
modules (parts), or the like) regardless of whether or not all the components are located in an identical housing. Accord-
ingly, examples of the system include a plurality of apparatuses housed in separate housings and connected together
via the network, and one apparatus with a plurality of modules housed in one housing.
[0223] The embodiment of the present technique is not limited to the above-described embodiments, and many var-
iations can be made to the embodiments without departing from the scope of the present technique.
[0224] For example, the present technique can be configured as cloud computing in which one function is shared by
a plurality of apparatuses via the network and in which the apparatuses cooperate in executing processes.
[0225] Furthermore, the steps described using the above-described flowcharts can be executed by one apparatus or
shared by a plurality of apparatuses for execution.
[0226] Moreover, in a case where one step includes a plurality of processes, the plurality of processes included in the
one step can be executed by one apparatus or shared by a plurality of apparatuses for execution.
[0227] The effects described herein are only illustrative and are not limited, and other effects may be produced.
[0228] The present technique can be configured as described below.
[0229]

<1> An information processing apparatus including:

a simulator environment generating unit generating a simulator environment simulating a real world; and
a reward providing unit for a first agent and a second agent taking action in the simulator environment and
learning an action decision rule according to a reward for the action, the reward providing unit

providing the first agent with the reward in accordance with a prescribed reward definition, and
providing the second agent with the reward in accordance with an opposing reward definition opposing the
prescribed reward definition, the opposing reward definition causing a resultant reward to be increased in
a case where the second agent acts to bring about a situation where the reward for the first agent is reduced
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and causing a resultant reward to be reduced in a case where the second agent acts to increase the reward
for the first agent.

<2> The information processing apparatus set forth in <1>, in which the reward providing unit adjusts parameters
for the rewards in accordance with operation of a user.
<3> The information processing apparatus set forth in <2>, further including:
a display control unit executing display control causing display of a GUI (Graphical User Interface) adjusting the
parameters for the rewards.
<4> The information processing apparatus set forth in <2> or <3>, further including:
an issuance control unit controlling issuance of an alert prompting adjustment of the parameters for the rewards
according to learning statuses of the first agent and the second agent.
<5> The information processing apparatus set forth in <4>, further including:
a determining unit determining the learning statuses according to change patterns of the rewards.
<6> The information processing apparatus set forth in <4> or <5>, in which the alert is issued in a case where the
first agent or the second agent fails in learning or in a case where the first agent or the second agent succeeds in
learning.
<7> An information processing method including:

generating a simulator environment simulating a real world; and
for a first agent and a second agent taking action in the simulator environment and learning an action decision
rule according to a reward for the action,

providing the first agent with the reward in accordance with a prescribed reward definition, and
providing the second agent with the reward in accordance with an opposing reward definition opposing the
prescribed reward definition, the opposing reward definition causing a resultant reward to be increased in
a case where the second agent acts to bring about a situation where the reward for the first agent is reduced
and causing a resultant reward to be reduced in a case where the second agent acts to increase the reward
for the first agent.

[Reference Signs List]

[0230] 10 Agent, 11 Experiment DB, 12 Learning unit, 13 Action deciding unit, 30 Simulator, 31 Simulator environment
providing unit, 32 Simulator environment generating unit, 33 Reward providing unit, 34 Learning status determining unit,
36 Input/output control unit, 40 User I/F, 61 Action planning unit, 62 Surrounding-environment information acquiring unit,
63 Data acquiring unit, 64 Database, 65 Learning unit, 66 Action deciding unit, 67 Action control unit, 101 Bus, 102 CPU,
103 ROM, 104 RAM, 105 Hard disk, 106 Output unit, 107 Input unit, 108 Communication unit, 109 Drive, 110 Input/output
interface, 111 Removable recording medium

Claims

1. An information processing apparatus comprising:

a simulator environment generating unit generating a simulator environment simulating a real world; and
a reward providing unit for a first agent and a second agent taking action in the simulator environment and
learning an action decision rule according to a reward for the action, the reward providing unit

providing the first agent with the reward in accordance with a prescribed reward definition, and
providing the second agent with the reward in accordance with an opposing reward definition opposing the
prescribed reward definition, the opposing reward definition causing a resultant reward to be increased in
a case where the second agent acts to bring about a situation where the reward for the first agent is reduced
and causing a resultant reward to be reduced in a case where the second agent acts to increase the reward
for the first agent.

2. The information processing apparatus according to claim 1, wherein the reward providing unit adjusts parameters
for the rewards in accordance with operation of a user.

3. The information processing apparatus according to claim 2, further comprising:
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a display control unit executing display control causing display of a GUI (Graphical User Interface) adjusting the
parameters for the rewards.

4. The information processing apparatus according to claim 2, further comprising:
an issuance control unit controlling issuance of an alert prompting adjustment of the parameters for the rewards
according to learning statuses of the first agent and the second agent.

5. The information processing apparatus according to claim 4, further comprising:
a determining unit determining the learning statuses according to change patterns of the rewards.

6. The information processing apparatus according to claim 4, wherein the alert is issued in a case where the first
agent or the second agent fails in learning or in a case where the first agent or the second agent succeeds in learning.

7. An information processing method comprising:

generating a simulator environment simulating a real world; and
for a first agent and a second agent taking action in the simulator environment and learning an action decision
rule according to a reward for the action,

providing the first agent with the reward in accordance with a prescribed reward definition, and
providing the second agent with the reward in accordance with an opposing reward definition opposing the
prescribed reward definition, the opposing reward definition causing a resultant reward to be increased in
a case where the second agent acts to bring about a situation where the reward for the first agent is reduced
and causing a resultant reward to be reduced in a case where the second agent acts to increase the reward
for the first agent.
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